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University, Burnaby, British Columbia, CanadaABSTRACT We investigate bacterial chemotactic strategies using run-tumble and run-reverse-flick motility patterns. The
former is typically observed in enteric bacteria such as Escherichia coli and Salmonella and the latter was recently observed
in the marine bacteria Vibrio alginolyticus and is possibly exhibited by other polar flagellated species. It is shown that
although the three-step motility pattern helps the bacterium to localize near hot spots, an exploitative behavior, its exploratory
potential in short times can be significantly enhanced by employing a non-Poissonian regulation scheme for its flagellar
motor switches.INTRODUCTIONThis article is about the performance of different bacterial
searching strategies for scarcely distributed chemical
traces in a fluctuating environment. This is the situation
a bacterium encounters in a pelagic microhabitat where
nutrients released from, say, marine snows or lysed plank-
tons are quickly dispersed by turbulent fluid flows. Turbu-
lent action stretches and folds nutrients into thin striations
and significantly enhances its dispersal in water. To
sequester these ephemeral nutrient patches, microorgan-
isms develop different niches to gain advantage over their
competitors. Surveys of coastal water samples revealed
that the majority of motile bacteria is polar flagellated,
and they swim rapidly with a speed 100 times their body
size per second (1). The most documented motility pattern
of marine bacteria is run-and-reverse, which is consistent
with their flagellation pattern. The fact that peritrichously
flagellated bacteria were rarely found in such environments
suggests that the run-tumble motility pattern of Escheri-
chia coli, which is by far the best studied pattern, is not
adopted by marine species. We recently found that the ma-
rine bacterium Vibrio alginolyticus, and possibly others,
such as Pseudoalteromonas haloplanktis, incorporate a
randomization step in their motility patterns; specifically,
these bacteria whirl their flagella at the end of the reverse
interval, causing the cell body to deflect in a new random
direction before resuming forward swimming (2). This
characteristic movement, which we termed a flick, makes
a sharp kink in the bacterial trajectory and signals the
beginning of each run-reverse-flick cycle (see Fig. 1 B).
Using fluorescence video microscopy and optical trapping,
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0006-3495/15/09/1058/12of the forward run (2). A recent study by Son et al. demon-
strated that the flick movement results from an elastic
instability of the flagellar hook when it is compressed by
the propulsive force when the motor switches from clock-
wise (CW, reverse) to counter clockwise (CCW, run)
rotation (3).
As illustrated in Fig. 1, the fundamental difference
between the run-tumble and run-reverse-flick motility pat-
terns is that the latter is able to backtrack, revisiting spaces
that have been covered in the previous run interval. This
type of motility pattern is adopted by many motile marine
bacteria, suggesting its usefulness. In this work, we examine
how different motility patterns contribute to chemotaxis via
the important characteristics of bacterial diffusivity (4,5).
Since the motility patterns are regulated by the interval
distributions, PxðDxÞ, where Dx is the dwell time for the
motor state x, our work will examine different distributions
of Dx and how these distributions affect chemotaxis.
For E. coli, it is well documented that both the run, Dccw,
and tumble, Dcw, intervals are exponentially distributed,
PxðDxÞ ¼ expðDx=txÞ=tx, with tx being the mean, and
x ¼ ðCCW;CWÞ (6). However, for V. alginolyticus, our
measurements show that both forward, Df , and backward,
Db, swimming interval distributions are strongly peaked at
finite times, and it is only in long times that the distributions
are exponential (2). The short-time (Dx=tx  1) inhibition
is very strong, suggesting that the motor has a refractory
period shortly after a reversal, where x ¼ ðf; bÞ. This
behavior is very different from that of E. coli, showing
that this marine bacterium does not regulate its motor
switch using a Poissonian process. Our research presented
herein demonstrated that there may be a good biophysical
reason for this phenotype, i.e., the marine microorganisms
can use reversibility enforced by the short-time inhibition
to enhance their exploitative behavior.http://dx.doi.org/10.1016/j.bpj.2015.07.042
FIGURE 1 Bacterial motility patterns. (A) An enteric E. coli bacterium
swims in a fluid by run and tumble. During the run interval, the flagellar
motors rotate in a CCW direction and the lateral flagella bundle together,
forming a coherent left-handed helix and pushing the cell body forward.
During the tumbling interval, the motors rotate in a CW direction and
the flagellar bundle falls apart. This causes the cell to reorient in a random
direction. After many run-tumble (two-step) cycles, the bacterial track
resembles a random walk. (B) In comparison to an enteric bacterium, a
marine bacterium, such as V. alginolyticus, uses a single polar flagellum
to navigate in seawater. Its motility pattern is a three-step cycle of run-
reverse-flick. During the run (reverse) interval, the polar flagellar motor
turns in the CCW (CW) direction. Because of swimming at low Reynolds
numbers, the reverse backtracks the run interval. However, this is not the
case for the run interval; upon a motor reversal from CW to CCW rotation,
the compressive force transiently causes the flagellum to bend (3), deflect-
ing the cell to a new random direction. After several run-reverse-flick
cycles, the trajectory of the marine bacterium also resembles a random
walk. To see this figure in color, go online.
Bacterial Chemotactic Strategy 1059A quantitative measure of a bacterium’s chemotactic
potential, namely, its ability to explore and exploit a natural
habitat, is the bacterial diffusivity, DðtÞ, which measures
the space covered by the microorganism in a given time, t.
In this article, we first present experimental measurements
of DðtÞ for the marine bacterium V. alginolyticus YM4
in different chemical environments and compare these
measurements with those of the commonly studied E. coli
strain RP437. We then developed a mathematical model
that allows the time-dependent DðtÞ to be calculated
based on microscopic motility patterns with an arbitrary
interval distribution, PxðDxÞ. Our work demonstrates that
even though the three-step motility pattern can significantly
reduce bacterial diffusivity over a long time, its short-time
explorative potential is significantly enhanced by employ-
ing a non-Poissonian regulation scheme for the flagellar
motor switch.RESULTS AND DISCUSSION
Experimental observations
Although detailed bacterial culture conditions and mea-
surement techniques are discussed in Appendix C, a brief
description is provided here. The bacteria E. coli RP437
and V. alginolyticus YM4 were grown to a midexponential
phase in M9 and VPG media, respectively, and were trans-
ferred to their corresponding motility buffers. Both bacteria
were incubated in their corresponding motility buffers for
>30 min before being transferred to an observation cham-
ber. Two sets of measurements were conducted for RP437,
one in the homogeneous motility buffer (MB) and the other
in the presence of a small source of a chemoattractant,
serine. Three different sets of measurements were conduct-
ed for YM4, one in the homogeneous motility (TMN)
buffer, one in TMN buffer with a uniform repellent phenol,
and one in the presence of a small source of serine, as above.
In all cases, individual bacteria were followed by video
microscopy in a phase-contrast mode, and the image plane
was set at ~100 mm away from the surface to minimize
distortion of swimming trajectories (7). The bacterial trajec-
tories were digitized using ImageJ and a home-developed
software package. Each bacterium was followed for as
long as possible, typically a few seconds to as long as
20 s, before it swam out of view. This yields a time series
~ri ¼ ðxiðtiÞ; yiðtiÞÞ with the successive time points ti deter-
mined by the standard video rate of 30 fps or Dt ¼ 33 ms.
For each bacterial trajectory, the mean-squared displacement
(MSD),~r2ðtÞ¼PNni¼1 ððxiþn  xiÞ2 þ ðyiþn  yiÞ2Þ=ðN  nÞ,
can be calculated, and after averaging over many bacteria,
one finds the population-averaged value MSDðtÞ ¼ h~r2ðtÞi,
where t ¼ nDt, n is an integer, and N is the length of the
trajectory.
Fig. 2 displays MSDs for E. coli (A) and V. alginolyticus
(B) in the uniform buffers. One observes that forE. coli, there
exist two regimes; for short times ðt < 1:5 sÞ, MSDðtÞft2,
suggesting a ballistic-like motion, and for long times
ðt > 1:5 sÞ, MSDðtÞft, which is normal diffusion. The
slope of this latter regime yields the long-time diffusion
coefficient D0 ¼ 9557 mm2=s. By comparison, we found
that the MSD for V. alginolyticus is significantly different;
it consists of three regimes. For t< 0:5 s, the MSD
increases as t2, as in the case of E. coli, and it is followed
by a rapid, quasilinear dependence on t. Unlike E. coli,
this rapid increase in MSD does not persist but is interrup-
ted by a much slower linear t dependence for tR1:2 s. For
V. alginolyticus, the long-time diffusivity, D0 ¼ 1025
9 mm2=s, is therefore comparable to that of E. coli, but
its maximum instantaneous diffusivity, Dmax½hðd=dtÞ
MSDðtÞ=4 ¼ 16658mm2=s ð0:5%t%1:2 sÞ, is consider-
ably greater. We next investigate the diffusivity of YM4
subject to 10 mM phenol in TMN buffer. Previous studies
have shown that phenol elicits a chemorepellent response
in V. alginolyticus, and the bacterium is not adapted toBiophysical Journal 109(5) 1058–1069
FIGURE 2 MSD as a function of time, t.
(A and B) The measured MSD(t) versus time, t,
are plotted for E. coli (gray-green dots) and
V. alginolyticus (red dots), respectively, in the
homogeneous motility buffers. (C) The same
measurements are presented for YM4 in 10 mM
of phenol. The fast motor reversals of the bacterium
greatly reduce its translational motion, as com-
pared to the data in (B). (D) MSD of YM4 in the
presence of a point-like serine source, 1 mM of
serine released from a micropipette tip in the
background of TMN. The steady-state serine pro-
file covers a volume of ~20  20  20 mm3 (9).
The positive chemical stimulus significantly alters
the MSD in comparison to the data in (B)
and (C). In all plots, the error bars represent the
mean 5 SE. The solid black and green lines in
(A)–(D) are fits to the theoretical models presented
in the main text. An excellent fit to the E. coli data
using exponential distribution for the CCW inter-
vals is demonstrated by the black lines in (A) and
(D). Similarly good fits using the inverse-Gaussian
distributions are obtained for V. alginolyticus, as
shown by the solid green lines in (B)–(D). The
experimental data for YM4 cannot be fitted by
the exponential distributions, as delineated by the
dashed black lines. (E) For comparisons between
different measurements, all data and the fitting
curves in (A)–(D) are replotted on the linear-linear
scale and on the semilog scale in the inset. (F) The
reduced bacterial diffusivity values, D/D0, for all
cases are plotted using the same colors as in (E),
where differentD are calculated based on the fitting
curves, Dhðd=dtÞMSDðtÞ=4, and D0 are their
corresponding asymptotic values. To see this figure
in color, go online.
1060 Yang et al.this chemical (8). Observations show that the bacteria alter
their swimming directions rapidly with the typical dwell
times in both swimming directions being shorter than those
in TMN. These characteristics are clearly displayed in
Fig. 2C, where it can be seen that the overallMSD is smaller,
with D0 ¼ 2353 mm2=s and Dmax ¼ 9455 mm2=s; both
are significantly less than those measured in TMN without
phenol.
Fig. 2 D displays the MSD versus t measured for YM4 in
the presence of a localized chemoattractant created from a
micropipette filled with 1 mM serine. The chemical is
distributed over a small radius, ~10 mm (9). We found that
the measured curve in this case still consists of three regimes
like those in Fig. 2, B and C, without a chemical gradient.
Specifically, we found that the early-time regimes are
greatly expanded and the long-time diffusion is reduced.
The latter indicates that the bacteria spend most of the
time near the source. Using the same analysis as above,
we found D0 ¼ 4858 mm2=s and Dmax ¼ 56559 mm2=s.
The latter value is ~3.4 times greater than that measured
in homogeneous TMN buffer. Despite very different time-Biophysical Journal 109(5) 1058–1069scales in the measurements presented in Fig. 2, B–D, we
noticed that the functional forms for all of them are similar,
although they are very different from the values measured
for E. coli. The similarity is due to the fact that the marine
bacterium uses the same motility pattern to navigate regard-
less of whether or not a chemical signal is present. More-
over, it suggests that the swimming interval control in the
marine bacterium, characterized by the dwell-time distribu-
tion, must be similar as well in all cases.
As a comparison, we also performed the MSD measure-
ment for RP437 in the presence of a localized serine, as
above. The data are represented by purple dots in Fig. 2 D.
The MSD displays the short-time ballistic regime and the
long-time diffusive regime similar to Fig. 2 Awhen no chem-
ical gradient is present. The overall MSD is greater in the
presence of serine than in its absence as illustrated by plot-
ting the two measurements together (Fig. 2 E, green and
purple curves). Unlike the case of V. alginolyticus, where
the presence of the small source causes strong localization,
as indicated by a reduction of D0 from its steady-state value,
E. coli forms a loose aggregate near the small source (2). The
Bacterial Chemotactic Strategy 1061long-time diffusivity, D0 ¼ 20059 mm2=s, of E. coli
actually increases by nearly a factor of 2 when compared
to its steady-state value (see Fig. 2 F, inset). Observation
under the microscope shows that in the neighborhood of
the micropipette tip, individual E. coli cells swim in more
or less straight lines, and the average swimming distance,
‘, is comparable to the size of the aggregate. Since D0fv‘
and the swimming speed, v, is essentially unaffected by
serine, the increased MSD and D0 are a result of increasing
‘ when E. coli cells are positively stimulated and unable to
adapt quickly.
The emerging physical picture based on the above exper-
iments is as follows. 1) The basic functional forms of MSD
versus t, or for that matter DðtÞ versus t, are largely deter-
mined by bacterial motility patterns, and they are weakly
affected or unaffected by the presence of chemoeffectors.
2) The ability of a cell to localize depends critically on
how fast it can respond to a local environment by adaptation.
3) Backtracking is essential for enhancing short-time diffu-
sion while suppressing long-time diffusion. Below we will
incorporate some of these features in mathematical models
that allow MSDðtÞ and DðtÞ to be calculated and compared
with the experiment.Theory
In what follows, we delineate the steps that allow us to
calculate the MSD, h~r2ðtÞi, and the time-dependent diffu-
sivity, DðtÞ, for different motility patterns. Our formulation
is general enough to take into account temporal correlations
between forward and backward intervals and arbitrary
dwell-time distributions for these intervals. We start by
calculating the velocity-velocity autocorrelation, FðtÞh
h~vðtÞ$~vðt þ tÞi=d, where the angular brackets indicate
both the time and the angular average, and d indicates the
spatial dimension (10,11). In our experiment, since only
those bacteria that swim more or less in the focal plane of
the microscope were included in our ensemble, we will treat
the problem as two-dimensional, d ¼ 2. It follows that
FðtÞh 1
2dT
ZT
T
dt
1
2p
Z
2p
dU~vðtÞ$~vðt þ tÞ
¼ 1
2dT
ZT
T
dt~vðtÞ$~vðt þ tÞ;
(1)
where the overbar stands for the angular average. Ignoring
thermal fluctuations, one expects that for t less than one
swimming cycle, Df þ Db,~vðtÞ and~vðt þ tÞ are completely
correlated, but for t greater than Df þ Db, they are uncorre-
lated, or ~vðtÞ$~vðt þ tÞ ¼ 0. This stems from the fact that
after a flick, the new swimming direction, specified by ~vf ;
is completely randomized (2). This approximation is reason-
able, since the rotational diffusion time (3–4 s) is longerthan hDfi þ hDbix1 s, and direction randomization is
essentially carried out by the flick at the end of the backward
interval (2). The above analysis motivates us to break the
time integration into a sum of individual swimming cycles
indexed by i ¼ 1; 2;.:M for a given trajectory,
FðtÞ ¼ 1
Df
þ hDbiMd
XM
i¼ 1
ZðDfþDbÞi
0
dt ~viðtÞ$~viðt þ tÞ;
(2)
where ~viðtÞ$~viðt þ tÞ is the inner product of the velocity
pair in the ith cycle, and Mx2T=ðhDfi þ hDbiÞ. The
autocorrelation within a swimming cycle itself is a random
variable, which, aside from being a function of t and t,
depends on the swimming intervals, Df and Db. Thus, the
sum in Eq. 2 can be viewed as the average over the intervals
Df and Db,
1
M
X
. ¼
ZN
0
dDfPf

Df
 ZN
0
dDbPbðDbÞ.: (3)
As an exercise, let’s examine the simpler case of E. coli,
which can be classified as a two-step swimmer. It is known
that for E. coli, both CCW (run) and CW (tumble) interval
distributions are exponential, but since the CCW interval
is about 10 times as long as the CW interval (12), the latter
may be ignored. In this case, the only meaningful correla-
tion is when Dccw > t and DccwRt þ t. Putting these condi-
tions as a constraint, we have
~viðtÞ$~viðt þ tÞ ¼ v2ccwHðDccw  tÞHðDccw  t  tÞ; (4)
where vccw is the swimming velocity of the bacterium, and
HðtÞ is the Heaviside function. Using Eq. 4, we find
ZDccw
0
dt ~viðtÞ$~viðt þ tÞ ¼ v2ccwðDccw  tÞHðDccw  tÞ: (5)
Note that the more general case can be derived using the
result of a three-step swimmer (see below) by setting
vcw ¼ 0 but keeping tcwðhhDcwiÞ finite. Using
PccwðDccwÞ ¼ expðDccw=tccwÞ=tccw and integrating over
all possible Dccw, we arrive at the velocity-velocity autocor-
relation function for E. coli,
FðtÞ ¼ v
2
ccwfccw
d
exp

 t
tccw

; (6)
where fccw ¼ tccw=ðtccw þ tcwÞ is the CCW bias. It follows
from Appendix A that the time-dependent bacterial diffu-
sivity for E. coli is given by
D2ðtÞ ¼
Zt
0
Fðt0Þdt0 ¼ v
2
ccwtccw
d
fccw

1 exp

 t
tccw
	
:
(7)Biophysical Journal 109(5) 1058–1069
1062 Yang et al.This shows that for short times, t=tccw  1, bacterial diffu-
sivity isD2ðtÞxD02t=tccw, and for long times, t=tccw[ 1,
D2/D02 ¼ ðv2ccwtccw=dÞfccw, where the subscript 2 stands
for the two-step swimmer. We note that for this type of
bacteria, D2ðtÞ approaches the long-time behavior mono-
tonically, A2ðtÞðhD2ðtÞ=D02Þ ¼ 1 expðt=tccwÞ, indi-
cating that the maximum diffusivity, Dmax, is reached only
when t/N. Using the velocity-velocity autocorrelation
function, we are also able to calculate the MSD for E. coli
(see Appendix A),

~rðtÞ2 ¼ 2dZ
0
t
dt0ðt  t0ÞFðt0Þ (8)
¼ 2v2 t2 f

t  1þ exp

 t
	
:ccw ccw ccw tccw tccw
Equation 8 yields the expected ballistic motion,
2 2 2h~rðtÞ i/vccwfccwt , for t=tccw  1 and the diffusive mo-
tion, h~rðtÞ2i/2dD02t, for t=tccw[ 1. As shown in Fig. 2
A, this equation fits remarkably well to the experimental
data, despite the approximation tcw ¼ 0 made.
The calculation for three-step swimmers is more tedious,
and we leave the details to Appendix B. Despite the com-
plication, for interval distributions that are exponential
functions and uncorrelated between swimming cycles, the
velocity-velocity autocorrelation can still be calculated
analytically with the resultA3ðtÞ

h
D3ðtÞ
D03

¼ vft
2
f

vf

tf  tb
 vbtbGfðtÞ þ vbt2bvbtf  tbþ vftfGbðtÞ
tf  tb


vftf  vbtb
2 þ vfvbtftb : (11)FðtÞ ¼ 1
d


t2f  t2b
 v2f tftf  tbexp

 t
tf

þ v2btb

tf  tb

exp

 t
tb

 vfvbtftb

exp

 t
tf

 exp

 t
tb
	
: (9)verges to the two-step case, as it should. Using Eq. 9, we
It should be noted that in the limit vb/0, this equation con-
obtained the time-dependent bacterial diffusivity for the
three-step swimmer,
D3ðtÞ ¼ 1
d


t2f  t2b
 vft2f vftf  tb vbtbGfðtÞ
þ vbt2b

vb

tf  tb
þ vftfGbðtÞ;
(10)Biophysical Journal 109(5) 1058–1069where GxðtÞh1 expðt=txÞ with x ¼ ðf; bÞ. In our
experiment, since tf is somewhat greater than tb, GfðtÞ re-
laxes more slowly than GbðtÞ. Moreover, since the ampli-
tude of GfðtÞ is negative and the amplitude of GbðtÞ is
positive, it follows that D3ðtÞ peaks at a finite t before
leveling off to a constant value, D03 ¼ ððvftf  vbtbÞ2þ
vfvbtftbÞ=dðtf þ tbÞ ¼ ðv2f tf=dÞffðð1 abÞ2 þ abÞ, in
long times, where ff ¼ tf=ðtf þ tbÞ, a ¼ vb=vf , and
b ¼ tb=tf . We note that for a symmetric three-step swim-
mer, i.e., a ¼ b/1, D03 attains a simple form, D03 ¼
ðv2f tf=dÞff , that is identical to that of the two-step counter-
part with D02 ¼ ðv2ccwtccw=dÞfccw. This suggests that if
hypothetical two-step and three-step (symmetric) swimmers
are constructed such that they are identical in all aspects,
i.e., vccw ¼ vf ¼ vb and tccw ¼ tf ¼ tb, with the only excep-
tion that their motility patterns is different, D03 ¼ D02=2,
where fccwx1 (since tcw  tccw) and ff ¼ 1=2. In a
more realistic situation, when fccwx90%, the above
conclusion is still qualitatively valid. This implies that the
hypothetical three-step swimmer can localize better near a
small source than can its two-step counterpart (5). To attain
a minimal diffusivity in long times, the three-step swimmer
can coordinate its forward and backward movements in such
a way that ab ¼ 0:5, which leads to ðD03Þmin ¼ ð3=4Þ
ðv2f tf=dÞff , where ff is assumed to be approximately a con-
stant. The existence of such minimum diffusion is illustrated
in the inset of Fig. 3.
To characterize how D3ðtÞ approaches its steady-state
value, we define A3ðtÞ similarly to the two-step case,This function is significantly different from A2ðtÞ and will
be discussed shortly. To compare with our experimental
measurements, we also calculate the MSD by integrating
DðtÞ one more time, yielding

~rðtÞ2 ¼ 2dZ
0
t
dt0Dðt0Þ
¼ 2
t2f  t2b

vft
3
f

vf

tf  tb
 vbtbFfðtÞ
þ vbt3b

vb

tf  tb
þ vftfFbðtÞ; (12)
where FxðtÞhðt=txÞ  1þ expðt=txÞ with x ¼ ðf; bÞ.
The equation is somewhat simplified with h~rðtÞ2i ¼
t20ððvf  vbÞ2F0ðtÞ þ vfvbðt=t0Þð1 expððt=t0ÞÞÞÞ
when tf/tb ¼ t0, and it gives the correct long-time limit
h~rðtÞ2i ¼ v20t0t when vf/vb ¼ v0.
A major difference between the two-step and three-step
bacterial chemotaxis is that whereas DðtÞ increases
FIGURE 3 Normalized time-dependent diffu-
sivity, A2;3ðtÞhD2;3=D0; calculated using the
exponentially distributed dwell-time distributions.
The bacterial motor switches in these plots are
assumed to be governed by a Poissonian process.
The solid red lines are for the two-step swimmer,
or E. coli (Ec). It can be seen that A2ðt=tccwÞ is a
monotonically increasing function of time, t,
and it eventually levels off to unity. The other
colored lines are for the three-step swimmer, or
V. alginolyticus. (A) a ¼ vb=vf ¼ 1 is fixed but
b ¼ tb=tf is varied from 0.3 to 1.5. As can be
seen, A3ðt=tfÞ has a peak, and it attains its
maximum value when bx1. (B) b ¼ 1 is fixed,
but a is varied from 0.3 to 2. Again, we found
that the maximum peak occurs at ax1. The
long-time diffusion coefficients, D0, are plotted in
the insets for different values of b (A) and a (B),
where colored symbols correspond to the
A3ðt=tfÞ versus t=tf curves in the main figures.
It can be seen that D0 attains its minimal value
when a ¼ 1 and bx0:5, corresponding to vb ¼ vf
and tfx2tb in (A), or when a ¼ 0:5 and b ¼ 1,
corresponding to vf ¼ 2vb and tf ¼ tb in (B).
We note that for wild-type V. alginolyticus
YM4 without chemical stimulation, vf=vbx0:9
and tf=tbx1, indicating that swimming of
V. alginolyticus is approximately symmetric in
the forward and backward directions, and that the
bacterial diffusivity is close but not equal to the
minimum value of D0. To see this figure in color,
go online.
Bacterial Chemotactic Strategy 1063monotonically with t for the former, it does not for the latter.
Fig. 3 displays reduced diffusivity, A2ðtÞ and A3ðtÞ, and it
shows that A3 is peaked when forward and backward swim-
ming behaves similarly, with vfxvb and tfxtb. The peak-
ing in DðtÞ is a result of backtracking, and our observation
shows that the more statistically similar the two intervals
are, the higher the peak is. Biologically, the backtracking
may be interpreted as a microorganism’s means of explor-
ative-exploitative behavior in chemotaxis. In essence, it
allows the microorganism to overshoot a target in searching
for a greener pasture, but if this fails, it can backtrack,
returning to the original position. When nutrients are
sparsely distributed and subject to convective mixing, this
run-reverse-flick chemotactic strategy can be more effective
than the run-tumble strategy in searching for nutrients (see
Conclusion). The quantity AðtÞ defined above therefore pro-
vides a quantitative measure of a microorganism’s potential
for chemotaxis; the taller the peak, or the larger Dmax is, the
more explorative potential the microorganism has, since the
searching area scales as Dmaxtmax, where tmax maximizesDðtÞ. And the smaller D0 is, the better the bacterium can
localize or be more exploitative. In this light, we see that
the marine bacterium’s motility pattern is well suited for
exploration in short times and for exploitation (localization)
in long times. The relative height at the peak, Dmax=D0,
is therefore a dimensionless measure of bacterial chemo-
taxis potential. Using the exponential distribution for Df
and Db, we found that the peak height never exceeds
Dmax=D03  1  15%, which is inconsistent with the MSD
measured in V. alginolyticus. Indeed, using Eq. 12, we found
that the theoretically predicted form hardly fits the experi-
mental data (Fig. 2, B–D, dashed black lines). As we shall
see below, by employing a non-Poissonian motor regulation,
Dmax=D0 can be significantly increased, and it agrees much
better with our experiments.
Failure in the above fitting procedure suggests that the
Poissonian process for motor regulation is not stringent
enough to enforce backtracking. Indeed, we found that
V. alginolyticus regulates its motor switch by a non-Poisso-
nian process (2), and such behavior has been seen in otherBiophysical Journal 109(5) 1058–1069
1064 Yang et al.bacteria as well (13). As will be shown below, for
V. alginolyticus, the swimming intervals can be described
satisfactorily by the inverse Gaussian distribution,
PxðDxÞh

tDx
2pD3x
1=2
exp
"
 ð1 Dx=tPxÞ
2
2ðDx=tDxÞ
#
; (13)
where x ¼ ðf; bÞ. To put this model in perspective, we note
that this distribution is the solution of the first-passage prob-
lem of a dispersion wave that propagates in a one-dimen-
sional domain of size L, and it may mimic the
conformational spread of the flagellar motor switch of the
marine bacterium. For a wave pack that travels with velocity
Vw and broadens with a diffusivity Dw, the relevant time-
scales in Eq. 13 are given by tP ¼ L=Vw and
tD ¼ L2=2Dw. Thus, if the conformational spread in the mo-
tor switch has a low dispersion, i.e., a small Dw; the diffu-
sion time, tD, will be large and correspondingly a narrow
PxðDxÞ. For convenience of later discussion, it is useful to
delineate some mathematical features of Eq. 13. First, theBiophysical Journal 109(5) 1058–1069distribution peaks at Dmax ¼ ðtP=2Þð
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ð3gÞ2 þ 4
p
 3gÞ
and has the mean hDi ¼ tP and the standard deviation
sD ¼ g1=2tP, where g ¼ tP=tD. Second, for small times,
D  tP, the distribution cuts off sharply, as  expðtD=
ð2DÞÞ, and for large times, D[ tP, the distribution is
approximately exponential,  expðtDD=ð2t2PÞÞ. Hence,
the short-time inhibition of motor switching sets this distri-
bution apart from the exponential ones (2).
We calculated numerically D3ðtÞ for different parameters
tPf , tPb, tDf , and tDb, and the results are displayed in Fig. 4.
For simplicity, vf and vb are assumed to be identical and are
set at v0 ¼ 50 mm=s. We furthermore keep the timescale
associated with the forward interval fixed, tPf ¼ 0:5 s and
tDf ¼ 1:5 s, and only vary the timescale associated with
the backward interval, tPb and tDb. Specifically, by keeping
tDb ¼ 1:5 s fixed, in Fig. 4 A we examine how a change in
tPb affects A3ðtÞ. We found that A3ðtÞ is a monotonically
increasing function of t for tPb  tPf, but becomes peaked
when tPb is comparable to tPf . Also, as shown in the inset, in
the neighborhood of tPf , the long-time diffusivity, D0, is aFIGURE 4 Normalized time-dependent diffu-
sivity, A3ðtÞhD3ðtÞ=D0, calculated using the
inverse-Gaussian distribution. (A) vf ¼ vb ¼
50 mm=s, tDf ¼ tDb ¼ 1:5 s, and tPf ¼ 0:5 s are
fixed, but tPb is varied, with tPb ¼ 0:15 s (purple
squares), 0.25 s (green triangles), 0.5 s (blue
circles), and 0.75 s (brown diamonds). (Inset)
Plot of D0 versus tPb. (B) vf ¼ vb ¼ 50 mm=s,
tPf ¼ tPb ¼ 0:5 s, and tDf ¼ 1:5 s are fixed, but
tDb is varied, with tDb ¼ 0:25 s (purple squares),
0.75 s (green triangles), 1.5 s (blue circles), and
3 s (brown diamonds). (Inset) Plot of D0 versus
tDb. The solid red lines in (A) and (B) are calculated
based on the observation of YM4 in TMN buffer.
Colored symbols in the insets match those in the
main figures. To see this figure in color, go online.
Bacterial Chemotactic Strategy 1065concave function of tPb, indicating that to localize near a
source, the mean dwell times, hDfihtPf and hDbihtPb,
have to be coordinated. Likewise, by keeping tPb ¼ 0:5 s
fixed, in Fig. 4 B we examine how tDb, which determines
the dispersion of the dwell-time distribution, affects A3ðtÞ.
Here, we again found that for small tDbð tPb ¼ 0:5 sÞ,
or a large dispersion, A3ðtÞ increases monotonically with
t. A peak develops only when tDb becomes comparable to
tPb. Moreover, the peak height grows rapidly as tDb be-
comes large, and it is accompanied by a relatively slow
decrease in D0 (see Fig. 4 B, inset), indicating that to
localize, the dispersion in the dwell-time distribution needs
to be small. As shown by the thin red lines in Fig. 4, A and B,
wild-type V. alginolyticus YM4 in TMN operates at a nearly
optimal parameter range, as indicated by their prominent
peaks.
The above analysis shows that when the non-Poissonian
switching process is introduced, the peaks in D3ðtÞ are
much more pronounced than those generated by the Poisso-
nian process. In fact, if one sets tPfxtPb and reduces the
dispersion by letting tPf=tDfxtPb=tDb  1, the dimension-
less peak height,Dmax=D03, can be arbitrarily large. The large
range by which the peak height of D3ðtÞ can be tuned by
varying tPf and tPb provides an opportunity for robust adap-
tation of a microorganism to different environments.Interpretation of experimental observations
Using numerical integration, we are able to perform
nonlinear least-square fits to our measured MSDs for YM4,
which are displayed in Fig. 2, B–D. As can be seen by the
solid green lines, the quality of these fits is good, much better
than when the exponential distributions (dashed black lines)
were used. For convenience, the fitting results for the three
cases are detailed in Table 1. We noticed that when phenol,
to which V. alginolyticus cannot adapt, is present in TMN,
the average time in a swimming cycle, hDfi þ hDbi, becomes
shorter and the reduction is mainly in the backward intervals.
The situation is different when a point source of serine is pre-
sent. In this case, the mean time in a swimming cycle in-
creases significantly from 1.2 s to 2.8 s, and the increment
is contributed by both forward, hDfi, and backward, hDbi, in-
tervals. Most interestingly, the forward and backward swim-
ming intervals become more symmetrical, hDfixhDbi, and
the interval time dispersion is significantly reduced, from
sDf=hDfixsDb=hDbix0:55 when no serine is present toTABLE 1 Fitting parameters for the inverse-Gaussian dwell-time d
hDfihtPf (s) tDf (s) sD
TMN 0.595 0.03 1.5 5 0.9 0
10 mM phenol 0.345 0.01 5.2 5 0.9 0
1 mM serine 1.45 0.1 30 5 9 0
Using the MSD data in Fig. 2, B–D, which correspond to YM4 in uniform TMN
TMN, respectively, a nonlinear least-square fitting routine is conducted. The fit 0:2 when it is present. This indicates that around a small
patch of chemoattractant, the marine bacterium does not
differentiate between forward and backward swimming
directions, and the cell is strongly localized; in other
words, the net displacement in a swimming interval,
‘ðhvfDf  vbDbÞ, is small.
We also noticed that our fitting results are consistent with
our previous findings (2). Specifically, in our previous exper-
iment for YM4 in TMN, hDfix0:4 s and hDbix0:5 s. Both
are in reasonable agreement with the corresponding values
in Table 1. For a more stringent check, we determined the
swimming intervals of those bacterial trajectories that were
used for calculating the MSD in Fig. 2 B. Altogether there
are 354 forward and 418 backward intervals, and they allow
us to construct the dwell-time probability density functions
(PDFs), which are displayed in Fig. 5. As delineated by the
pink lines, these PDFs can be adequately described by the
inverse Gaussian distribution (Eq. 13), and the fitting
procedure yields tPf ¼ 0:5650:02 s, tDf ¼ 1:5 þ0:50:1 s;
tPb ¼ 0:53þ0:060:02 s, and tDb ¼ 2:350:4 s. These parame-
ters are not identical to those obtained by fitting the MSD
data in Fig. 2 B (see Table 1), but they are sufficiently close,
as judged by the c2 analysis (14) presented in Fig. 5 C. Here,
the red dot represents the best fits to PðDfÞ and PðDbÞ. Its
value, c2x0:85, is sufficiently close to unity, indicating
that 1) the uncertainties in the measurements are correctly
presented, and 2) the inverse Gaussian distribution is appro-
priate for the PDFs. In generating the surface plot in the
figure, we fixed tDf ¼ 1:5 s and tDb ¼ 2:3 s, since they are
less sensitive in the nonlinear regression, and varied the re-
maining parameters tPf and tPb. The constant contours
in the plot correspond to integer multiples of the standard
deviation, ns. Using the parameters tPf ¼ 0:59 s and
tPb ¼ 0:56 s from fitting to the MSD data, we also evaluated
c2 and plotted the point ðc2x1:0Þ as the yellow dot in Fig. 5
C. As shown, the two c2 values are well within one standard
deviation, and it gives us much confidence that our model
has captured the essential features of bacterial diffusivity in
V. alginolyticus.
Finally, it is useful to compare our measurements for
different bacteria and under different chemical conditions.
In Fig. 2 E we plotted the MSD data along with their fitting
curves for the five studied cases. It shows that while MSD
increases slowly but steadily with time for E. coli (greenistribution for V. alginolyticus YM4
f
(s) hDbihtPb (s) tDb (s) sDb (s)
.37 0.565 0.03 2.35 0.9 0.28
.09 0.225 0.01 8.55 0.9 0.04
.29 1.45 0.1 285 9 0.32
, in TMN supplemented with phenol, and near a point source of serine in
ting results shown here are represented by the green lines in Fig. 2, B–D.
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FIGURE 5 (A and B) Dwell-time PDFs of YM4
in TMN buffer. Blue dots represent the measured
forward and backward swimming interval distribu-
tions, PðDfÞ and PðDbÞ. These dwell-time intervals
were collected from the bacterial trajectories that
were used for calculating MSD in Fig. 2 B. The
pink lines are fits using the inverse-Gaussian distri-
bution (Eq. 13). (C) The quality of the fit is pre-
sented, where c2 is plotted against two sensitive
parameters, tPb and tPf , in the inverse-Gaussain
distribution. The red dot with c2x0:85 is located
at the valley of the c2 plot, representing the optimal
fit to the dwell-time PDFs in (A) and (B), and the
yellow dot represents the optimal fit to the MSD
data in Fig. 2 B. The constant contours correspond
to integer multiples of the standard deviation, s. To
see this figure in color, go online.
1066 Yang et al.and purple curves), the same quantity increases rapidly and
appears to level off at long times for V. alginolyticus (red,
blue, and brown curves). To view the earlier behavior more
clearly, the same set of data is also plotted on the semiloga-
rithmic scale in the inset. The most striking feature is when
DðtÞ=D0 is calculated based on the fitting curves by taking
its time derivative as displayed in Fig. 2 F. One observes
that although the E. coli curves (green and purple) are mono-
tonic in time, the curves for V. alginolyticus (red, blue,
and brown curves) are strongly peaked. Interestingly, the
peak height, ðD=D0Þmax, depends on the environment:
when no chemoeffector is present (red), ðD=D0Þmaxx2:1,
but when a chemoeffector is present, ðD=D0Þmax increases
remarkably, e.g., to 4.3 for phenol (blue) and 14 for
serine (brown). Moreover, the localized chemoattractant
(serine) not only induces a taller peak, it also causes the
peak to broaden considerably and move to a large time.
This remarkable behavior indicates that the marine bacte-
rium makes long excursions but that the net displacement,
‘, in a swimming cycle (forward þ backward) is small due
to backtracking.CONCLUSION
It is generally expected that the ability for a bacterium to
localize comes at a cost of lowering its explorative potential.Biophysical Journal 109(5) 1058–1069When we first observed that the motor switch of the marine
bacterium V. alginolyticus is not regulated in a Poissonian
fashion, it was a surprise as well as a big puzzle (2). Here,
we believe that we may have the answer: The short-time in-
hibition of the flagellar motor switch can significantly
improve the bacterium’s explorative behavior by increasing
its search radius in short times. This gives rise to a large
peak, Dmax, in the time-dependent diffusivity, DðtÞ. How-
ever, if a search turns out to be in the wrong direction, the
backtracking can readily bring the bacterium back to its
more favorable location. By canceling out the advance
made in the searching step, the backtracking step is exploit-
ative and can significantly reduce the net displacement, ‘, in
a swimming cycle. This gives rise to a smallD0, which is the
long-time limit of DðtÞ. The dimensionless ratio, Dmax=D0,
therefore provides a simple, quantitative measure of a bac-
terium’s ability for chemotaxis.
In an ocean environment, inhomogeneities of nutrients
are created and dispersed rapidly by ocean currents. The dis-
tribution of these inhomogeneities obeys the law of turbu-
lent mixing and is typically in the form of small patches
and fine striations. To follow and become localized near
these spatial structures could be a major problem for marine
bacteria, and our experiment provides a close glimpse
of how one of them, V. alginolyticus, deals with such a
challenge. When the environment is homogeneous, the
Bacterial Chemotactic Strategy 1067bacterium has a typical motor switching time of ~0.5 s, sug-
gesting that it cannot cover a large area. However, when a
chemical cue is present, it can swim over a large distance
and can backtrack to localize when the source is small. In
comparison, the enteric bacterium E. coli fares much worse
under the same environment due to its long adaptation time
and inability to backtrack.APPENDIX A: RELATIONSHIP BETWEEN MSD,
TIME-DEPENDENT DIFFUSIVITY, AND THE
VELOCITY-VELOCITY AUTOCORRELATION
FUNCTION
Since~rðtÞ ¼ R t
0
~vðt0Þdt0, the MSD, h~rðtÞ2i, is given by

~rðtÞ2h Z
t
0
dt00
Zt
0
dt0h~vðt00Þ$~vðt0Þi
¼ d
Zt
0
dt00
Zt
0
dt0Fðt00  t0Þ;
(14)
where d indicates the spatial dimension and FðtÞ defines the one-dimen-
sional velocity-velocity autocorrelation function,Fðt00  t0Þ ¼ 1
d
h~vðt00Þ$~vðt0Þi: (15)
Because of the symmetry in t0 and t00, it is expected that
Fðt00  t0Þ ¼ Fðt0  t00Þ or, in other words, the time difference should be
jt00  t0 j : This allows us to rewrite the integration in Eq. 14) as

~rðtÞ2 ¼ d Z
t
0
dt00
Zt00
0
dt0Fðt00  t0Þ ¼ 2d
Zt
0
dt00
Zt0
0
dt0Fðt0Þ:
(16)
Finally, integration by parts yields

~rðtÞ2 ¼ 2d Z
t
0
dt0ðt  t0ÞFðt0Þ: (17)
Useful physical information can be extracted from this equation. First of
all, if the MSD is found experimentally, its time derivative immediately
gives the time-dependent diffusivity, DðtÞ:
DðtÞ ¼ 1
2d
d
dt

~rðtÞ2: (18)
Second, if the velocity-velocity autocorrelation function, FðtÞ, is known,
by calculation or by measurements, the diffusivity can be obtained by inte-
gration in time,
DðtÞ ¼
Zt
0
dt0Fðt0Þ; (19)
which yields the long-time diffusion constant, D0, when t/N.APPENDIX B: VELOCITY AUTOCORRELATION
FUNCTIONS RESULTING FROM EXPONENTIAL
AND INVERSE GAUSSIAN DISTRIBUTIONS
For a given t, there are four possibilities that are relevant for the calculation.
These possibilities along with the velocity-velocity autocorrelation func-
tions,~viðtÞ$~viðt þ tÞ, for a given ith swimming interval are given as
1) DfRt and DbRt :
HðDf  tÞHðDb  tÞ½v2fHðDf  t  tÞ  vfvbHðt þ t  DfÞ HðDf  tÞ
þv2bHðt  DfÞHðDf þ Db  t  tÞ;
2) DfRt and Db%t :
HðDf  tÞHðt  DbÞ½v2fHðDf  t  tÞ
vfvbHðt þ t  DfÞHðDf þ Db  t  tÞ;
3) Df%t and DbRt :
HðtDfÞHðDb  tÞ½vfvbHðDf tÞþ v2bHðtDfÞHðDfþ Dbt  tÞ;
4) Df%t; Db%t; but Df þ DbRt :
Hðt  DfÞHðt  DbÞHðDf þ Db  tÞ½vfvbHðDf þ Db  t  tÞ
The possibility, Df%t; Db%t; but Df þ Db%t, should be excluded,
since velocities are uncorrelated between swimming cycles, and it is consis-
tent with the way the integral in Eq. 2. is broken into individual cycles.
Integrating over t,
RDfþDb
0
dt ~viðtÞ$~viðt þ tÞ, we find that the above four
possibilities give the expressions
1) HðDf  tÞHðDb  tÞ½v2f ðDf  tÞ  vfvbt þ v2bðDb  tÞ;
2) HðDf  tÞHðt  DbÞ½v2f ðDf  tÞ  vfvbDb;
3) Hðt  DfÞHðDb  tÞ½vfvbDf þ v2bðDb  tÞ;
4) Hðt  DfÞHðt  DbÞHðDf þ Db  tÞ½vfvbðDf þ Db  tÞ
We next perform averages for these four possibilities according to the
dwell distribution functions, PðDfÞ and PðDbÞ. For simplicity we assume
that PxðDxÞ is exponential, PxðDxÞhð1=txÞexpððDx=txÞÞ, where tx is
the mean dwell time and x ¼ ðf; bÞ. For this simple case, the integration
for the four possibilities can be carried out analytically, with the following
results:
F1ðtÞ ¼
Z
t
N
dDfPf

Df
Z
t
N
dDbPbðDbÞ
h
v2f

Df  t
 vfvbt
þ v2bðDb  tÞ
i
¼ exp



1
tf
þ 1
tb

t
	

v2f tf þ v2btb  vfvbt

;
(20)ZN Zt h i
F2ðtÞ ¼
t
dDfPf

Df

0
dDbPbðDbÞ v2f

Df  t
 vfvbDb
¼ exp



1
tf
þ 1
tb

t
	
vf

vb

t  tb

exp

t
tb

1

þ vftf

exp

t
tb

 1
	
;
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F3ðtÞ ¼
0
dDfPf

Df

t
dDbPbðDbÞ
 vfvbDf
þ v2bðDb  tÞ

¼ exp



1
tf
þ 1
tb

t
	
vb

vbtb

exp

t
tf

 1

þ vf

t  tf

exp

t
tf

 1
	
;
(22)
Zt Zt
F4ðtÞ ¼
0
dDfPf

Df

tDf
dDbPbðDbÞ
 vfvbDfþDbt
¼
exp



1
tf
þ 1
tb

t
	
tb  tf vfvb

 tbtþt2b

exp

t
tb

1

þ tf

t  tf

exp

t
tf

 1
	
:
(23)
The velocity autocorrelation function is defined as
FðtÞ ¼ 1
d

tf þ tb
 ½F1ðtÞ þ F2ðtÞ þ F3ðtÞ þ F4ðtÞ
¼ 1
d


t2b  t2f
 exp 1
tf
þ 1
tb

t
	


vfvbtftb

exp

t
tb

 exp

t
tf

þ v2f tf

tb  tf

exp

t
tb

þ v2btb

tb  tf

exp

t
tf
	
: (24)
As shown in the main text, however, the exponential distributions are
inadequate to fit our experimental data. The function that fits our measured
dwell-time distribution functions is the inverse Gaussian (5),
PxðDxÞh

tDx
2pD3x
1=2
exp
"
 ð1 Dx=tPxÞ
2
2ðDx=tDxÞ
#
; (25)
which exhibits short-time inhibition, PxðDx/0Þ/0, and long-time expo-
nential decay, PxðDx/NÞfexpððtDx=2t2PxÞDxÞ, where x ¼ ðf; bÞ. Un-
fortunately, this mathematical form makes it impossible to calculate
F1ðtÞ;F2ðtÞ;F3ðtÞ, and F4ðtÞ analytically. We therefore resort to numeri-
cal integration of these functions. The velocity autocorrelation function in
this case is given by FðtÞ ¼ ð1=dðtPf þ tPbÞÞðF1ðtÞ þ F2ðtÞ þ F3ðtÞþ
F4ðtÞÞ, where tPfhhDfi and tPbhhDbi. The codes are optimized so
that it is efficient enough to allow implementation of a nonlinear least-
square fit.Biophysical Journal 109(5) 1058–1069APPENDIX C: BACTERIAL CULTURES AND
MEASUREMENT TECHNIQUES
Bacterial cultures
E. coli RP437 were grown overnight (ON) in M9 medium (0.6% Na2HPO4,
0.3% KH2PO4, 0.1% NH4Cl, 0.05% NaCl, 1 mM MgSO4, 0.2% lactose,
0.1% casamino acids, and 5  105% thiamine) at 30C with shaking at
200 rpm. The ON culture was diluted 1:100 in fresh M9 þ lactose and
grown to OD600 ~ 0.2. The cells were washed once in the motility buffer
(10 mM potassium phosphates, 10 mM sodium lactate, 0.1 mM EDTA,
and 1 mM L-methionine, pH 7.0), and then incubated in the motility buffer
with shaking at 200 rpm for >30 min at room temperature before
measurement.
V. alginolyticus were grown overnight in VC medium (5 g polypeptone,
5 g yeast extract, 4 g K2HPO4, 30 g NaCl, 2 g glucose, and 10
3 mL H2O) at
30C with shaking at 200 rpm. The ON culture was inoculated at 1:100 in
VPG medium (10 g polypeptone, 4 g K2HPO4, 30 g NaCl, 5 g glycerol, and
103 mL H2O) and grown to OD600 ~ 0.2. Before the measurements, the
cells were inoculated at 1:100 in TMN buffer (50 mM Tris-HCl, pH 7.5,
5 mM MgCl2, 5 mM glucose, 30 mM NaCl, and 270 mM KCl) and incu-
bated with shaking at room temperature for >30 min. The growth protocol
follows that of Kojima et al. (15).Imaging and bacterial tracking
To obtain bacterial swimming trajectories, a sample chamber was made by
sandwiching a 1.2-mm-thick silicon gasket between two coverslips. In the
case of point stimulation using serine, an open chamber was used. The
chamber was filled with bacteria in a motility buffer and observed under
an inverted microscope (Nikon TE-300) equipped with a 20 (NA 0.45)
and a 60 (NA 0.70) objective. The image plane was >100 mm away
from surfaces, which significantly reduced distortion of bacterial swim-
ming trajectories near the surface. The typical time between filling the
chamber and taking measurements was about 5–10 min. We noticed that
a few minutes after the bacteria were introduced, the motility patterns
and their associated parameters were not changed discernibly in the open
and closed chambers, indicating that oxygen stress was not a problem in
our measurements. Videos were taken at 30 fps by a charge-coupled-device
camera (Hamamatsu C9100). We used ImageJ (Particle Tracker plug-in) to
analyze video images and customized MATLAB programs to perform
calculations.
In all measurements, bacterial concentrations were very low. For
example, in the open chamber, there were only a few bacteria in the field
of view when there was no chemical gradient present. A steady chemical
gradient was established by slow ejection of 1 mM serine into the motility
buffer from a micropipette situated at the center of the field of view; more
details about this setup can be found in Altindal et al. (9). For YM4, we
started video capturing as soon as a cell was detected within the region
of interest (ROI), defined as a 100-mm-radius region centered at the tip of
the micropipette. Video capturing was stopped when the ROI was overly
crowded, i.e., more than five to six cells were present in the area. In the
ROI, we followed every trajectory that stayed focused sufficiently long to
have multiple forward-backward swimming cycles. For the data presented
in Fig. 2D, we captured three videos and followed 42 trajectories with vary-
ing lengths ranging from 1.7 to 22 s: Similar or better statistics were
collected for other runs, and their corresponding uncertainties in the
measured MSD are represented by the error bars in Fig. 2.AUTHOR CONTRIBUTIONS
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